Abstract. Non-small cell lung cancer (NSCLC) is one of the leading causes of death around the world with an estimated 5-year relative survival rate of 16% at diagnosis. Development of drugs treating NSCLC is not easy, and the success rate for an anticancer treatment to pass through the whole clinical development process is as low as 5%. Modeling and simulation lend themselves as tools which can potentially streamline drug development. A critical component of the models developed is a description of how the disease progresses over time and how a treatment would affect its trajectory. Our aim was to review the literature to present the models and growth functions which have been used for describing NSCLC dynamics, and how anticancer treatments can affect such dynamics, both in animals and in humans. Only a limited set of models were identified for such a purpose. Most of the models which have been used were descriptive of tumor growth, yet there were attempts to account for the underlying processes, especially in animals where it is more feasible to collect data needed for developing such models. Moreover, we discuss how modeling and simulation can aid in decision making across the different stages of drug development. Based on some encouraging results from trials of other cancer types where modeling tumor dynamics has played an important role, we propose further exploration of NSCLC using model-based techniques and further use of these techniques in designing and evaluating NSCLC trials.
INTRODUCTION
Lung cancer is one of the major causes of death around the world. It was estimated to be the most commonly diagnosed type of cancer worldwide in 2008 (12.7% of the total cases newly diagnosed with cancer) and the most common cause of cancer death (18.2% of the total deaths related to cancer) (1) . It was also estimated that the 5-year relative survival rate at diagnosis in patients suffering from lung cancer in the USA was only 16% (2) . Non-small cell lung cancer (NSCLC), a subtype of lung cancer, accounts for approximately 85% of the lung cancer cases (3) .
Despite the high incidence and mortality rates of cancer, the medical needs of cancer patients are unmet. Developing novel therapies for treating cancer is becoming increasingly difficult, and the success rate for an anticancer treatment to pass through the whole clinical development process is as low as 5% (4) . Disappointing success rates encountered in oncology and in other specialties urged a paradigm shift from the conventional, mostly empirical, and arbitrary decision making in developing drugs, to more efficient means. Modelbased drug development (MBDD) is among the tools that have been suggested for this purpose (4) (5) (6) (7) .
Pharmacometrics, a strongly emerging discipline concerned with building mathematical and statistical descriptions of the interactions between patients and their drugs, is an appropriate tool for MBDD (8, 9) . Modeling and simulation which represent the essential elements of pharmacometrics can be used in oncological drug development in selecting appropriate doses for clinical trials, optimizing trial designs, interpreting outcome data, or even predicting outcomes in settings which have not been explicitly studied (10) . Pharmacometrics was also proven to be useful in individualizing clinical therapy in oncology and has been advocated for such a purpose (11) (12) (13) (14) . This could be achieved based on the different covariates (such as gender, weight, mutational status of the patients, and/or others) which were found to significantly affect the outcome.
Understanding the course of NSCLC and incorporating it within models describing the different aspects of NSCLC and those of its therapies is critical. This article reviews the current understanding of NSCLC progression achieved through modeling and how models developed may contribute to enhancing drug development through informed decision making. Preclinical and clinical applications will be discussed.
DISEASE PROGRESSION MODELING
A disease progression model describes the status of a disease over time in the absence of a treatment or at least in the absence of the treatment under investigation. The disease status is usually reflected by the patient's status which in turn can be evaluated by disease biomarkers, clinically relevant endpoints, or even the probabilities of the occurrence or avoidance of an event (15, 16) .
Some pharmacometric models have the assumption that the baseline disease status does not change over the period of study. This may hold true for most studies which are conducted for a relatively short period of time, yet may not hold for rapidly progressing or chronic progressive diseases requiring a long-term therapy (17) . Therefore, disease progression models are necessary to increase the statistical power of detecting a drug effect (18) .
Disease progression models can help in revealing whether a drug has a symptomatic effect, where patients would reverse to their original disease condition once the drug is withdrawn after experiencing an improvement, or a diseasemodifying effect, where an improvement would persist even after stopping the drug. Disease progression models may also be used to understand the relationships between different biomarkers (which are closer to the drug effect when compared with plasma concentrations) and disease progression or survival (15, 18) .
Disease progression modeling can also provide a reasonable approach for handling missing data in the case of subjects dropout where the application of last observation carried forward (LOCF) is a common approach. LOCF implies that patients dropping out from a study would stay stable at their last observed disease status, yet in reality the patients could have dropped out because their conditions have worsened or improved, and thus bias would be introduced (19) . Accounting for disease progression and dropout should take care of such changes and minimize the bias (20) .
Models used to describe the natural progress of different diseases can be broadly classified into linear and asymptotic models, both of which can also be used in describing the growth kinetics of bacteria and tumors (15, 18) . A linear model assumes that a disease status deteriorates at a constant rate over time. It was used for example in describing the natural course of Alzheimer's disease (21) and the glycemic deterioration associated with type II diabetes mellitus (22) . In cases where there is a natural limit for disease progression, an asymptotic model is used. Asymptotic models were used in describing the trajectory of Crohn's disease (20) and in describing the changes in bone mineral density in osteoporosis (23) . Modeling the trajectory of a disease can also be done using growth functions where growth depends on the number of actively dividing cells (15) . Such functions have been commonly used in describing the growth kinetics of tumors.
PRECLINICAL APPLICATIONS
Preclinical experiments usually evaluate and predict the effect of potential anticancer drugs by measuring the percentage of tumor growth inhibition, and one of the common approaches to do this is by using xenograft models (24) . In these models, tumor cells from human immortalized cell lines are implanted in immunosuppressed mice which are either given a placebo or an active drug afterwards. Tumor sizes are then measured and the effectiveness of the drug is evaluated by comparing the tumor size reduction in the placebo and active drug groups by the end of the experiment. However, valuable information about the tumor growth trajectory is neglected this way and developing a model describing its temporal course would capture more information. Preclinical tumor growth models can provide further insight into the underlying processes because of the relatively more invasive nature of the procedures used for data collection and hence the ability to collect information from sites closer to the "site of action" as compared with data collection procedures used in humans. Moreover, ethical considerations which restrict studying the progress of cancer in untreated patients can favor preclinical models in understanding the natural progression of cancer.
Although some of the models discussed later were developed from data collected from xenograft models which were not necessarily inoculated with tumor grafts of NSCLC origin, yet they could still be useful in studying NSCLC. According to Johnson et al. (25) , drugs which showed activity against a certain tumor type in humans did not necessarily show exclusive activity against the corresponding tumor line in xenograft models.
Empirical Models
Empirical models are mathematical expressions which are used merely in describing a process. Different empirical models can be used to describe the tumor growth kinetics (26) , and usually the effect of a drug is evaluated by testing how it would change the parameters describing the tumor growth. One of the first models used was the exponential model which can be represented as follows
where S is the tumor size, dS/dt is the tumor growth rate, and α is a first-order rate constant for tumor growth. The model assumes that the growth rate is dependent on the tumor size, and the time needed for a tumor to double in size is constant. However, this model would hold true until a limit where a tumor cannot grow at the same rate anymore as discussed later. When a treatment is administered, a cell-kill model (27) which can take the following form can be used
where k is a constant dependent on drug potency, and exposure represents the exposure to the treatment. Harashima et al. (28) managed to link a physiologically based pharmacokinetic model capable of predicting the concentration of free doxorubicin in the extracellular compartment to a cell-kill model (27, 29) to quantify the antitumor effect of liposomal doxorubicin. Simulations using the model showed that the longer the circulation of the liposomes the greater the antitumor effect of doxorubicin. This was in agreement with the results which showed a greater activity of doxorubicin encapsulated within liposomes against NSCLC tumors in xenograft models (30) . Another function commonly used in describing the growth kinetics of solid tumors is the Gompertzian model (31, 32) . The following differential equation represents the Gompertzian growth kinetics, in one of its formulations, of an untreated tumor (33) 
where S is the tumor size, α is the maximal growth rate, and β is a parameter such that e α/β represents the maximal tumor size. In contrast to the exponential model, the growth rate is initially rapid, then gets slower when the tumor mass exceeds a certain limit, and finally a finite limit of growth is reached. In other words, the time needed for doubling the size of the tumor increases as the tumor grows. This is more realistic from a biological point of view considering that the tumor outstrips its blood and nutrient supplies and releases excess excretory products (34) . The drug effect can be added as follows
where DE is a drug effect function taking a value between 0 and 1. Gompertzian kinetics was successfully used to describe the dynamics of NSCLC in mice implanted with human NSCLC primary tumors and treated with erlotinib. A pharmacokinetic model describing the erlotinib concentration was used to drive the Gompertz model which in turn accounted for the tumor volume changes. Tumor volume was measured before and after erlotinib administration, and thus allowed for the distinction between parameters relevant to the unperturbed growth and efficacy parameters (35) . The Gompertzian kinetics has also shown its usefulness for other types of tumors in xenograft models (36, 37) . Variants of this model have been developed and used in more mechanism-based modeling as will be discussed later.
In general, empirical models can adequately describe the data yet lack the ability to improve the understanding of the underlying processes and may have a limited predictive capacity in evaluating dose regimens that were not used in model development. This urges the need for developing models capable of capturing more information (38) .
Semi-Mechanistic Models
Complex mechanistic models which describe the underlying biological processes may have the potential of providing further insight into these processes and predicting outcomes in simulated conditions which have not been studied before. However, development of such models can be time consuming and can face problems such as over-parameterization and difficulties in parameter identification. Although running extra investigations can help, cost limitations and the fact that carcinogenesis is not fully understood can make it difficult to design or even decide on the experiments required to generate the relevant data. A compromise would be developing models relying on a minimal number of biologically relevant parameters estimated using data typically available in preclinical settings, yet in the same time capable of accounting for phenomena such as delays in drug action, or the presence of different tumor populations; hence called semi-mechanistic.
Simeoni et al. (39) developed a semi-mechanistic model using data from xenograft models with tumors of different origins. The growth of the tumors did not reach a plateau as would have been observed with Gompertzian kinetics. Therefore the Gompertz model was modified and allowed to switch from an initial exponential expression to a linear one after a threshold tumor mass
where dS/dt is the growth rate of an unperturbed tumor, S is the tumor weight, t is time, and λ 0 and λ 1 characterize the rates of exponential and linear growths, respectively, and can give an indication about the aggressiveness of the tumor. It was suggested that when Ψ is equal to 20 a sharp switch from the first-order exponential growth to a zero-order linear growth can take place after the threshold mass.
The semi-mechanistic part of the model comes into play in describing the drug effect after its administration. It was assumed that a treatment would stop the proliferation of some cells and eventually kills them. As a result of the delay observed before a drug produces its effect, a three-compartment transit model was used to model the cell death process (Fig. 1 ). This was represented by a set of differential equations, each of which representing a compartment and corresponding to a progressive degree of damage. 
k 1 is a rate constant of cell death, k 2 is an index of drug efficacy, and S(t) represents the total perturbed tumor weight. The inclusion of a drug-specific parameter (k 2 ), independent of the growth observed in controls, allows for more specific evaluation of the drugs. Since its development, the Simeoni model gained a wide acceptance and it has been used for modeling the progression of different tumor types in xenograft models including NSCLC. Bueno et al. (40) developed a semimechanistic pharmacokinetic/pharmacodynamic model for an inhibitor of type-I receptor transforming growth factor-β kinase, a tumor cell growth regulator (41) , which was administered to mice implanted with NSCLC and breast cancer human xenografts. They used a two-compartment model to describe the pharmacokinetics of the drug which in turn was related to the phosphorylated Smad 2,3 (pSmad, a tumor biomarker) through an indirect response model. The Simeoni model (39) was used to describe the growth of the tumor compartment in the control and active treatment groups where the tumor growth was assumed to be inhibited by the decrease in pSmad. The drug induced decrease in pSmad was assumed to drive the inhibitory effect on the tumor compartment after propagating through two transduction (transit) compartments. This allowed for a quantitative description of the signal transduction time course before drug-induced tumor growth inhibition occurs. Such an evaluation can give a hint about the drug onset and offset, further elaborate the mechanism of action, and can also be used for other drugs with the same mechanism of action since transduction is drug independent.
CLINICAL APPLICATIONS
It is worthy to mention that models, especially empirical ones, described previously are not exclusive for preclinical uses and they can be used in describing NSCLC progression clinically. In general, physiologically based models have not been used extensively since they can be complex in development and NSCLC, as with any other type of cancer, is full of black boxes, while less sophisticated models can still be efficient for different purposes.
Tham et al. (42) developed a tumor growth inhibition model linking the tumor size measured on a continuous scale to gemcitabine doses administered in patients suffering from NSCLC (Fig. 2 ). An exposure driven Gompertzian function was used to describe the tumor growth after gemcitabine administration as follows
where S is the tumor size, rateIN is the tumor growth rate at baseline, effect is the inhibitory effect of the drug on the tumor growth rate, and T turnover is a second-order time constant for the tumor turnover. The drug effect was best described by an E max model as follows
where E max is the maximum inhibition of tumor growth (fixed to 1), Dose is the gemcitabine dose administered, and Amt 50 is a measure of potency where 50% of the maximal drug effect is achieved. The dose as an exposure measure was found to be as good as the area under the concentration-time curve (AUC) of gemcitabine and the AUC of gemcitabine's metabolites in predicting tumor size changes. A tumor effect compartment into which gemcitabine is introduced was included in the model to account for the delay between the drug administration and tumor response. One of the limitations of this model is that it assumes that there is no change in tumor size at baseline. The authors (42) . E max the maximum inhibition of tumor growth (fixed to 1), dose the dose of gemcitabine administered, Amt 50 the potency where 50% of the maximal drug effect has been achieved, S the tumor size, rateIN tumor growth rate at baseline, effect the inhibitory effect of the drug on the tumor growth rate, T turnover second-order time constant for the tumor turnover. Adapted from (42) had no tumor size measurements before commencing the therapy so they were unable to determine the tumor growth rate at baseline. Moreover, patients were given a combination of gemcitabine and carboplatin, which left the tumor responses resulting from gemcitabine administration indistinguishable from that of carboplatin. It is worthy to mention that the authors tested a model driven by carboplatin alone, however this resulted in a worse fit, and an insignificant improvement of fit was seen when the doses of both gemcitabine and carboplatin were included. It would have also been more interesting to link the model to a survival function since survival remains the most clinically relevant endpoint when assessing the efficacy of anticancer therapies.
More recently, Wang et al. linked the treatment used to changes in tumor size, which was subsequently linked to survival (43) . This was based on an extensive database (3,398 patients) from four registration trials with nine different treatments. The time course of the change in tumor size was described by a mixed dynamic tumor size model. It composed of an exponential-decay component describing the tumor shrinkage as a result of treatment administration, and a linear-growth component to account for the tumor growth under a specific treatment as shown
where TS i (t) is the tumor size at time t for the ith individual, BASE i is the baseline tumor size, SR i is the tumor shrinkage rate constant which is specific for the treatment used, and PR i is the linear tumor progression rate describing the tumor growth when a specific treatment is administered. Tumor size changes were then linked to a survival model to account for the time to death. A log-normal distribution was used for the survival model and it was found that the tumor size at baseline (centered at 8.5 cm), percentage reduction in tumor size from the baseline at the 8th week (PTR week 8 ), and the performance status scores of the patients (as measured according to the Eastern Cooperative Oncology Group (ECOG) scoring system) were the best predictors of time to death (T)
where α 0 is the intercept, and α 1 , α 2 , and α 3 are the slopes for ECOG, centered baseline and PTR week 8 , respectively. The model suggests that measuring the tumor size at the 8th week would allow for an early assessment of an experimental NSCLC treatment. Although only one of the treatment groups was used in developing the survival model, the model was capable of predicting the survival of the eight other groups despite the use of different treatments in different trials.
The usefulness of this model comes from the fact that it links a biomarker of the drug effect on a continuous scale (change in tumor size) to a clinically relevant outcome (survival). This allows comparing between the expected clinical outcomes from trials using different treatments or dosing regimens. Therefore, such a model would provide a more precise and informative tool for clinical screening of novel compounds and for taking pivotal go/no-go decisions where the less informative categorical objective response rate (ORR) or progression-free survival (PFS) are commonly used (44) . Using a continuous measure rather than categorical measures increases the statistical power of the analysis and hence allow for using smaller sample sizes and conducting trials where classical comparative trials are less feasible (45) . However, this model does not account for the drug exposure. Including exposure in the model can give a better insight into the potency of the drug used. It also allows carrying out doseresponse simulations and thus investigating how changing the drug exposure or the regimen can affect the response and survival (43, 46) .
WHERE DO WE STAND AND WHAT OPPORTUNITIES DO WE HAVE?
Modeling and simulation have been prospering over the last two decades, and their concepts are now considered to be invaluable in drug development (47, 48) . An important component of the models developed is a description of the disease progress in order to properly detect the drug signal from the total effect. Different opportunities for modeling the different aspects of NSCLC, tumor dynamics being an important component of which, exist (Table I ). Such models can help in further elaborating the biology of the disease and if developed with sufficient complexity, they can suggest the level at which a drug produces its effect. They can play a role in the translational phase and the movement of a drug from the preclinical to the clinical phase, and can also help in designing clinical trials, evaluating them and predicting their outcomes. Linking NSCLC biomarkers which have been introduced recently to survival (49) can help in evaluating and validating the adequacy of such metrics for early prediction of outcome.
Modeling and simulation can also play a role in personalized therapy. Including and quantifying covariate relationships for different genetic variations and mutations which were found to be related with positive or negative responses of NSCLC patients to different treatments (50) (51) (52) can help in tailoring individualized regimens.
Tumor Self-Seeding "Tumor self-seeding" is a hypothesis recently proposed in cancer biology which could significantly change our perspective towards tumor growth (53) . Metastasis has traditionally been thought of as a unidirectional process in which cancer cells break out of a primary tumor and move to a distant site initiating a metastatic cancerous growth. However, recent data from tumor xenograft models in mice has shown that this could be a multidirectional process where malignant cells migrate to distant sites as well as migrate back to the primary tumor from which they have originated and seed it (54) . If this holds true, then a primary tumor should be looked at as a conglomerate of contiguous masses rather than a single mass. Tumor growth modeling can serve as a tool among others to further investigate this hypothesis. Developing a mechanistic model accounting for both the mitotic cell division and self-seeding might help us in detecting and discriminating an anti-seeding effect which should correspond to an anti-metastatic effect (54) , an effect which is not evaluated in preclinical studies. This can eventually help in classifying drugs into anti-mitotic (causing shrinkage) or antimetastatic (anti-seeding) allowing the use of a combination of both in an ideal regimen to treat a cancer (55) .
Translational Uses
Models capable of discriminating between compoundspecific, system-specific, and experiment parameters can be used to improve the design of preclinical experiments and thus reduce the costs and number of animals used (56, 57) . They have also been recently advocated for translational drug research and for quantitatively predicting the pharmacokinetics and pharmacodynamics of drugs in humans (58) . Therefore they can be used in analyzing the efficacy, comparing between the potencies of different candidates, and assist in determining the optimal doses and dosing schedules to start with in humans (59).
Rocchetti et al. (60) presented a regression equation to predict the clinically active dose of a new anticancer drug based on estimating its drug potency parameter in a preclinical tumor growth inhibition model. In another experiment based on a model derived from the Gompertz function and data from breast cancer xenograft models treated with capecitabine, it was shown that a 7-day treatment followed by 7-day rest would be superior to the conventional 14-day treatment and 7-day rest schedule. This was confirmed by further preclinical studies which showed a lower toxicity and an improved survival in the mice (36) .
Despite their imperfect ability to accurately predict the clinical response, xenograft animal models are widely used within preclinical oncology investigations. Their limited predictive capability could be attributed to their inability to represent the true environment in which a tumor grows in humans, and the inability of implanted tumors to metastasize or to develop drug resistance. Genetically engineered mice mimicking the pathophysiological and molecular features of human malignancies have been introduced recently to overcome these limitations (57, 61, 62) , but they still need further validation. Until then, xenograft models remain to be widely used due to the experience with them and the relatively limited resources required. However care needs to be given to the experimental conditions if conclusions were to be extrapolated to humans.
NSCLC Progress Models in Clinical Trials: Challenges and Prospects
Despite the facts that pharmacokinetic/pharmacodynamic (PK/PD) modeling has been used extensively to assess the drug effect in xenograft tumor models where more mechanistic models have been developed to model the tumor growth dynamics, the use of disease progression modeling has been comparatively limited in clinical drug development of anticancer drugs, especially for NSCLC. It has to be emphasized though that disease progression modeling of NSCLC, and cancer in general does not come without its complexities and limitations in human settings. An ideal description of any disease requires data collected from patients where the disease progresses naturally without any external interference; however, this is limited for ethical reasons in oncology where the administration of placebo is generally not allowed. It also requires data to be collected for a considerably long period of time to adequately study the trajectory of the disease, yet clinical studies in oncology suffer from relatively high dropout rates because of death or the intolerable adverse events usually associated with anticancer agents.
Attempts have been made to overcome the abovementioned obstacles. Pooling data and meta-modeling present themselves as an option (20) which have been used by Wang et al. in their model for NSCLC (43) . There is also a general consensus to build cancer progression models in the presence of a treatment, and to include a component specific for the drug in the model. However, this requires data provided from groups with different treatments or with a wide range of exposure for a single treatment to adequately distinguish the disease component in a comparative fashion.
Despite the mentioned difficulties, including a description of NSCLC progression comes with clinical benefits that cannot be ignored. Conventionally, the dose level and schedule for the use of anticancer drugs is determined by assuming that the maximum anticancer effect is achieved by administering the maximum dose limited by toxicity, or the notion known as "more is better" (63) . However, some doubt has been cast on this assumption and recently proposed hypotheses argue that there could be doses which are optimal for treatment yet not necessarily the highest possible doses (64, 65) . Models based on tumor growth data obtained from patients can help in deciding on the optimal dose and dosing algorithms. This benefit is not exclusive to drug development and can come into play in clinical practice.
Antitumor activity in early NSCLC trials is typically evaluated by ORR or PFS, both of which are recorded on categorical scales (66) . However, these estimates are generally imprecise in small phase I and phase II trials and are uninformative for taking go/no-go decisions or designing phase III trials. Therefore, exposure-driven relationships relating tumor sizes on a continuous scale (serving as a biomarker) to survival (serving as a clinical endpoint) have been proposed (67) . Such full relationships starting from exposure, linking it to tumor dynamics, and ending at survival are still lacking for NSCLC although they have shown their usefulness in other (43) to tumor size data generated from a phase II clinical trial evaluating the use of carboplatin and paclitaxel (C/P) in addition to motesanib or bevacizumab in treating advanced non-squamous NSCLC (72) . They estimated the individual parameters and predicted the tumor sizes at baseline and week 8 which were inputted together with ECOG into the survival model. Their objective was to simulate the overall survival (OS) for NSCLC patients receiving C/P plus motesanib or bevacizumab and C/P alone. The simulated results were compared with the results of an actual phase III trial (MONET1) comparing the use of motesanib or placebo in addition to C/P (73) . The hazard ratios were comparable yet the model underestimated the OS. It was suggested to investigate other prognostic factors as covariates and refine the model to account for the difference in mode of action between the cytotoxic chemotherapeutic agents and the antiangiogenic agents to resolve this disparity (74) . Despite the improvement of OS by 2 months when motesanib was added to C/P compared with the addition of placebo in MONET1, statistical significance was not reached (73) suggesting that the trial was underpowered. This finding was implied by the results of the simulation study, suggesting that a simulation-based power calculation could have improved the trial design before launching it (74).
Surrogate Metrics
Therapies for NSCLC are generally non-curative as they merely prolong the survival by a couple of weeks or months in average. Developing new treatments for NSCLC usually aim at prolonging the survival significantly or at least producing less adverse events when compared with their counterparts. However, assessing the survival of patients in a clinical trial costs money and time, can unacceptably delay the movement of potentially effective therapies to later stages of development and can be confounded by nonmalignant comorbidities often present in NSCLC patients (49) . Therefore interest has grown in introducing surrogate metrics which can predict survival. As discussed previously, the use of continuous metrics are often more informative compared with categorical measures (46, 67) . The use of tumor size on a continuous scale has been encouraged (75) , and it was linked to survival in NSCLC (43) and in other types of cancer (68) . However, positive survival outcomes were not always associated with a significant tumor shrinkage especially with novel targeted cytostatic therapies which are expected to result in tumor growth inhibition rather than regression (20, 44, 76) . This was seen with bevacizumab (77) and sorafenib (78) while on the other hand promising tumor regression seen in phase II trials for gefitinib against NSCLC (79,80) was then followed by disappointing survival outcomes in phase III trials (81, 82) .
Nuclear imaging has been advocated recently to serve as an endpoint to efficiently predict survival as early as possible (49) . Positron emission tomography with 18 F-fluorodeoxyglucose (FDG-PET) has shown its ability to predict survival in NSCLC patients as early as 2 weeks after treatment initiation (83) , and after 4 weeks in patients with gastrointestinal stromal tumors (84) for which a survival model has been linked to changes in FDG-PET (85) . Such metrics can enable early modification of ineffective treatments in clinical therapy and improve the efficiency of decision making as early as possible during development.
